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An Airplane Image Target's Multi-feature Fusion Recognition Method 

LI Xin-De 1 YANG Wei-Dong 1 DEZERT Jean 2 

Abstract This paper proposes an image target's multi-feature fusion recognition method based on probabilistic neural 
networks (PNN) and Dezert-Smarandache theory (DSmT). To aim at multiple features extracted from an image, the 
information from them is fused. Firstly, the image is preprocessed with binarization and then multiple features are 
extracted, such as Hu moments, normalized moment of inertia, affine invariant moments, discrete outline parameters and 
singular values. Secondly, due to the difficulty of the construction of the basic belief assignment in DSmT, in this paper the 
target recognition rate matrix is constructed by PNN, that is, the basic belief assignments can be assigned to the evidence 
sources by PNN. Finally, the procedure of airplane target recognition can be accomplished by the DSmT combination rule 
at the level of decision fusion. For small distortion of target image, the multi-feature fusion method proposed in this paper 
is compared with the single-feature one through a series of experiments. The experimental result in this paper proves that 
this method greatly improves the right recognition rate, satisfies real-time requirements, and has good ability of rejection 
of judgement and strong insensitivity to target image size. And even for big distortion, the right recognition rate can also 
reach 89.3 %. 
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Fig. 1 The framework of multi-feature fusion and recognition arithmetic 
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